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Endovascular intervention simulator is a training device for image-
guided procedures involving instruments such as guidewires and 
catheters inserted percutaneously into blood vessels.  The efficiency of 
the simulator relies on the accuracy of its tracking system in estimating 
the motion of these instruments. Detecting the movement of the 
guidewire is challenging because it is positioned inside the catheter. To 
address this, custom markers were developed on the guidewire's 
surface, and the Gunnar Farneback Algorithm Method was applied to 
detect its movement. Firstly, a camera records the guidewire's 
movements. The Gunnar Farneback Algorithm Method then processes 
the extracted images to obtain raw magnitude and orientation data. 
This output data was analyzed to get its accuracy and thus validated by 
comparing experimental values with theoretical values. The results 
show that the developed tracking system can estimate the distance of 
the guidewire's movement with an accuracy of 94.43% and 64.80% for 
the direction. These findings demonstrate that the developed tracking 
system is effective and sufficient in detecting the movement of a 
guidewire inside the catheter. 
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1. Introduction 
Endovascular intervention is a minimally invasive alternative for treating vascular diseases such as Abdominal 
Aortic Aneurysm  [1]. This technique involves the navigation of a guidewire and catheter within the blood vessel 
[2]. The Endovascular Intervention Simulator (EIS), a virtual reality-based training platform, is designed to 
replicate actual endovascular procedures, thereby enabling surgeons to develop proficiency in these techniques. 
Studies have demonstrated that EIS facilitates the swift acquisition of technical skills by trainees The simulator’s 
capacity for unlimited practice sessions allows surgeons to refine their skills, which contributes to improved 
surgical outcomes [4]. Surgeons trained on EIS are able to perform interventions more efficiently, resulting in 
reduced procedure times and decreased use of contrast agents, thereby enhancing overall success rates [4]. 
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During endovascular intervention simulations, the guidewire is predominantly obscured by the catheter, 
posing significant challenges in tracking and detecting its movement [5]. This difficulty arises due to the absence 
of direct contact and the lack of a clear line of sight to the guidewire. This issue, hereafter referred to as the 
'Catheter-occluded guidewire’ problem, describes the scenario where the catheter concentrically obstructs the 
guidewire, making it difficult to track and detect, as shown in Fig. 1. 

 

 

Fig. 1 Catheter-occluded guidewire inside the catheter 

A reliable tracking system is fundamental to the development of the Endovascular Intervention Simulator 
(EIS), as it enables precise localization of the guidewire even when obscured by the catheter [5]. High tracking 
accuracy is critical to ensure that the simulator replicates clinical procedures effectively, thereby achieving strong 
face validity [6]. The overall performance of the simulator also depends on the capability of its sensing mechanism 
to capture and process guidewire motion with precision [7]. 

To address this, the Gunnar Farneback Algorithm Method (GFAM), an optical flow-based approach, is 
proposed as the core of a custom tracking framework for estimating the movement of the catheter-occluded 
guidewire. GFAM detects motion by analyzing changes in pixel intensity and displacement between consecutive 
image frames. Using polynomial expansion, it estimates both translational and rotational motion of the guidewire, 
generating outputs in terms of magnitude and orientation [8]. The magnitude represents the extent of 
displacement, whereas the orientation specifies the direction of movement [9]. The accuracy of these 
measurements directly influences the fidelity and training effectiveness of the EIS [10].  

Several optical flow algorithms, including Lucas–Kanade, Horn–Schunck, and DeepFlow, have been widely 
applied in motion estimation tasks [11], [12], [13]. However, when tracking a guidewire under concentric 
occlusion, a method that balances computational efficiency with high accuracy is essential. This study evaluates 
multiple techniques and identifies GFAM as the most suitable choice for this application. 

Recent research underscores the versatility of optical flow across diverse domains. In clinical monitoring, for 
example, group velocity reconstruction methods have been used for seizure and apnea detection, showing 
resilience to noisy signals and low computational demands [14]. In medical imaging, optical-flow-based 
techniques have enabled the quantification of diaphragmatic motion from ultrasound scans, facilitating 
differentiation between healthy individuals and ventilated patients [15]. Beyond medicine, optical flow has been 
integrated with geometric modeling for real-time contour detection in robotics, illustrating its value in complex, 
dynamic environments [16]. These advances highlight the robustness of optical flow and support its adoption for 
guidewire tracking under catheter occlusion. 

2. Methodology 
The schematic diagram in Fig. 2 presents the experimental setup, comprising the guidewire, catheter, LED, and 
camera. All components are enclosed within a housing to reduce image noise prior to processing [16]. The 
guidewire is mounted horizontally and translates along a fixed axis that is perpendicular to the vertically oriented 
camera. From the camera’s perspective, the guidewire appears as a rectangular shape within the field of view. In 
this arrangement, the guidewire is seen to move laterally left when advancing and right when retracting (Fig. 
3(a)). When rotated clockwise or counterclockwise about its axis, it appears to shift vertically within the image 
frame, corresponding to upward and downward motion, respectively (Fig. 3(b)), with the input slot positioned on 
the right side. 

 

 
Fig. 2 Schematic design of configuration setup 
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(a) 

 
(b) 

Fig. 3 Figurative description of the relative the of guidewire's movement; (a) Translational; (b) Rotational 

During video recording for data collection, the guidewire was subjected to both translational and rotational 
motions, controlled by an automated system [16]. The ground truth dataset was obtained using this motion 
control system, referred to as the AutoMover Machine, which was programmed to execute predefined 
translational and rotational movements with high precision. For translational motion, the guidewire was 
displaced laterally at specified distances (e.g., 3 mm, 6 mm, and 10 mm), while for rotational motion, it was rotated 
clockwise and counterclockwise at designated angles (e.g., 45°, 90°, and 180°). 

Because the AutoMover Machine governed all movements, the programmed values were considered as the 
ground truth reference for evaluating the tracking system’s accuracy. Each motion pattern was repeated several 
times to ensure reliability and repeatability during validation. The resulting video sequences were captured by 
the camera and transferred to the processor for image analysis, with the complete set of motion parameters 
summarized in Table 1. 

Table 1 Sets of movements 
Abbreviation Movements 

3R 3 mm to the right 
3L 3 mm to the left 
6R 6 mm to the right 
6L 6 mm to the left 
9R 9 mm to the right 
9L 9 mm to the left 

10R 10 mm to the right 
10L 10 mm to the left 
15R 15 mm to the right 
15L 15 mm to the left 
20R 20 mm to the right 
20L 20 mm to the left 

45CW 45⁰ clockwise 
45CCW 45⁰ counter-clockwise 
90CW 90⁰ clockwise 
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Abbreviation Movements 
90CCW 90⁰ counter-clockwise 
135CW 135⁰ clockwise 

135CCW 135⁰ counter-clockwise 
180CW 180⁰ clockwise 

180CCW 180⁰ counter-clockwise 
360CW 360⁰ clockwise 

360CCW 360⁰ counter-clockwise 
 

In addition to adopting GFAM as the primary tracking method, this study also evaluated the Lucas–Kanade 
and Horn–Schunck algorithms for comparative analysis. All three approaches were tested under identical 
experimental conditions, and their performances were assessed in terms of both magnitude and orientation 
accuracy. A detailed comparison of these results is provided in the Results section. 

For image processing, GFAM estimates guidewire motion by calculating pixel displacement between 
successive frames [16]. To enhance motion detection, custom markers were applied to the guidewire surface, as 
illustrated in Fig. 4. These markers were painted white to maximize light reflection and visibility. They were 
manually applied and evenly distributed along the guidewire to enable consistent and comprehensive tracking 
throughout the experiment. 

 
Fig. 4 Guidewire with white markers on the surface 

 
Designing a tracking system capable of monitoring guidewire motion is particularly challenging due to the 

absence of direct visual and tactile feedback, a limitation commonly referred to as the concentric occlusion 
guidewire problem (Fig. 1). To address this, the present study utilizes a green transparent catheter (Fig. 5). The 
catheter, made from a soft, hollow polypropylene copolymer, is commonly used in endovascular procedures. Its 
transparency allows optical sensors to detect the guidewire’s motion through the catheter wall. The catheter used 
in this work measures approximately 0.89 cm in diameter and 300 cm in length. 

 

 

Fig. 5 The green transparent catheter 

2.1 Gunnar Farneback Algorithm Method  
As described earlier, GFAM is an optical flow technique used to estimate guidewire motion by tracking pixel 
displacement between consecutive image frames [17]. The method applies a polynomial expansion to the intensity 
variations of two successive frames, leading to the formulation of equations (1) and (2). These equations are then 
used to compute the pixel displacement vector, as shown in equation (3) [17]. Equation (1) represents the 
polynomial approximation for frame n, while equation (2) corresponds to the subsequent frame n + 1. The 
displacement vector A in equation (3) is resolved into its horizontal (Vx) and vertical (Vy) components, indicating 
pixel displacements along the x- and y-axes, respectively. These components form the basis for calculating the 
motion’s orientation and magnitude, as defined in equations (4) and (5) [17]. 
 

 
f1(x) = xTA1x + b1Tx + c1 

 

(1) 



304 Int. Journal of Integrated Engineering Vol. 18 No. 3 (2026) p. 300-310 

 

 

 
 

In equations (1)–(5), x = [x y]ᵀ represents the spatial image coordinates, and d = [dx dy]ᵀ denotes the inter-
frame displacement vector. A₁ and A₂ are the symmetric coefficient matrices of the quadratic polynomial 
expansions for two consecutive frames, associated with the first-order vectors b₁, b₂ and constants c₁, c₂. The 
combined coefficient matrix is expressed as A(x). The optical flow vector is defined as v = [Vx Vy]ᵀ, where Vx and 
Vy correspond to horizontal and vertical displacements in pixels per frame, respectively. The flow orientation is 
computed as atan2(Vy, Vx), while the magnitude is given by √(Vx² + Vy²). Pixel magnitudes are then converted to 
millimeters using a pre-determined calibration factor. 

2.2 Determining Motion of the Guidewire  
Fig. 6 shows the flowchart for estimating the guidewire’s motion in terms of both direction and distance. After 
processing with GFAM, two outputs are generated: magnitude, which represents how far the guidewire has 
moved, and orientation, which indicates the direction of that movement. These outputs are initially produced as 
images and require additional processing to obtain precise numerical values. 

An important point is that orientation depends on magnitude, any change in magnitude directly affects 
orientation. The magnitude data, however, is independent and can be processed on its own. 

For translational movement, the raw magnitude data is first smoothed using a Gaussian Filter with a value of 
2 to reduce noise. The movement’s direction is then derived from the orientation data using a windowing 
(segmentation) process with a value of 44. Because orientation relies on magnitude, filtering the magnitude also 
improves the orientation output before segmentation. 

For rotational (angular) movement, the magnitude data goes through two stages of filtering. First, during 
GFAM processing, a Gaussian Filter with a value of 2 is applied. After the raw data is extracted, it is filtered again 
with a Gaussian Filter set to 8 to enhance the accuracy of angular displacement. The direction of rotation is then 
obtained by applying a windowing process with a value of 38 to the orientation data. 

 

 
Fig. 6 Flowchart of motion estimating 

 
        2 = f1(x  d)T A1(x  d) + b1T(x  d) + c1 

                          = xTA1x + (b1  2A1d)Tx + dTA1d + b1Td + c1 
                                                                        = xTA1x + b2Tx + c2 

 
(2) 

 

                                                                             A(x) = A1(x)+A2(x)
2

 
(3) 

 
                                                               Orientation = atan2(Vy, Vx) 

(4) 

 
                                                                  Magnitude = √(Vx.Vx + Vy.Vy) (5) 



Int. Journal of Integrated Engineering Vol. 18 No. 3 (2026) p. 300-310 305 

 

 

Table 2 The parameters of gunnar farneback algorithm method 
Parameters Default Values 

Level of Pyramid 3 
Pyramid Scale 0.5 
Number of 
Iterations 3 

Neighborhood Size 5 
Filter Size 15 

 
Table 2 summarizes the parameters used for GFAM. During image processing, the pyramid level, pyramid 

scale, and number of iterations are kept at minimal values. The pyramid level is particularly important for 
handling large images by down-sampling them when there is significant pixel displacement, such as in long-
distance imaging [18]. In this study, the region of interest (ROI) is relatively small (640 × 110 pixels) with only 
minimal pixel displacement. Because of this, the pyramid level is set to 1, meaning that only the original image is 
processed without any decomposition. This ensures the highest resolution is retained [18]. 

With the pyramid level fixed at 1, the pyramid scale is set to 0.5. Although this value typically controls the 
down-sampling rate at each pyramid level, its impact here is negligible because only a single level is used [18]. 
The number of iterations is set to 1 as well, since the small image size does not require additional iterations to 
reduce computational load. To benchmark GFAM’s performance, three optical flow algorithms which is GFAM, 
Lucas-Kanade, and Horn-Schunck were implemented and tested for their ability to detect guidewire movements. 

The parameter choices shown in Table 2 were based on preliminary testing during system development. The 
low image resolution (640 × 110 pixels) and limited guidewire displacement (~3–20 mm) allowed the use of a 
single pyramid level and pyramid scale of 0.5 without losing motion sensitivity. A neighborhood size of 5 pixels 
and one iteration provided sub-pixel accuracy while keeping computation times low. Increasing the neighborhood 
size or iterations beyond these settings improved accuracy by less than 2% but substantially increased runtime. 
Thus, the selected parameters provide an effective balance between accuracy and efficiency, enabling near-real-
time tracking in the simulator. 

3. Results and Discussion 
Fig. 7 shows the tracking accuracy for both magnitude and orientation data across all movements. For 
translational movement, the magnitude data achieves an accuracy between 81.3% and 99.9%. The highest 
accuracy (99.9%) is recorded during the 15L movement, while the lowest (81.3%) is observed in the 3L 
movement. For orientation data, the accuracy varies more widely, ranging from 22.2% to 80.6%. The lowest 
accuracy (22.2%) occurs during the 5L movement, whereas the highest (80.6%) is achieved in the 5R movement 
 

 
Fig. 7 Tracking accuracy for magnitude and orientation across all movements; bars show the mean accuracy and 

error bars denote ±1 SD over three runs (n = 3) 
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For rotational movement, the magnitude data accuracy ranges from 86.6% to 98.6%. The highest accuracy of 
98.6% is observed during the 135CCW movement, while the lowest accuracy of 86.6% occurs during the 90CCW 
movement. The orientation data accuracy ranges from 25% to 100%, with the lowest accuracy of 25% for 45CW 
and 135CW movements and the highest accuracy of 100% for 45CCW, 90CCW, and 135CCW movements. 

The graph patterns indicate that tracking accuracy is not directly proportional to the guidewire's movement. 
For instance, movements 5L and 20L have similar accuracies of 98.4% and 98.9%, respectively, despite a 15 mm 
distance difference. Conversely, a 3 mm movement in the opposite direction (3L) has a lower accuracy of 81.3% 
compared to the 97.3% accuracy of the 3R movement. On average, the developed tracking system achieves an 
accuracy of 94.43% ± 1.28% for detecting the guidewire's distance and 64.80% ± 4.15% for detecting its direction 
(n = 3). The corresponding 95% confidence intervals (computed as in Methods) are indicated by the error bars in 
Fig. 7. The inclusion of the standard deviation values shows the consistency of tracking the translational 
movement and highlights the higher variability in orientation movements. Magnitude data consistently shows 
higher accuracy compared to orientation data, indicating that the system is more proficient at detecting distance 
than direction. 

The results indicate that the system performs better in estimating distance than direction. This difference 
stems from the use of maximum values for magnitude detection and mode values for orientation detection, as 
explained earlier. The use of mode data for orientation was necessary to prevent the system from incorrectly 
interpreting all movements as either leftward or rightward. 

As shown in Fig. 7, the orientation data is derived from the most frequent pixel displacement within the image. 
While this approach should, in theory, provide accurate results, its effectiveness was limited by the irregular 
shapes of the hand-painted markers. These irregularities reduced the consistency of directional information 
during optical flow estimation, making orientation tracking less reliable. This limitation highlights the need for 
improved marker design. Future work could explore markers with asymmetric or direction-specific patterns, as 
well as printed or laser-etched markers, which would provide more uniform directional cues. Additionally, 
incorporating preprocessing steps such as contrast enhancement, edge-based segmentation, or adaptive 
thresholding could further improve orientation accuracy. 

In addition to GFAM, two other optical flow methods such as Lucas-Kanade (LK) and Horn-Schunck (HS) were 
tested for comparison. The results, summarized in Fig. 8, show that GFAM consistently outperformed both 
methods. GFAM achieved up to 100% orientation accuracy and 95.60% magnitude accuracy, while LK reached 
26% for orientation and 90.10% for magnitude, and HS achieved 26% for orientation and 93.72% for magnitude. 
These results confirm that GFAM offers the best balance of accuracy and computational efficiency for this 
application. DeepFlow was excluded from the comparison because its high computational cost made it unsuitable 
for real-time use in the current simulator setup. 

 

 
Fig. 8 Comparison of orientation and magnitude tracking accuracy using three optical flow methods: Gunnar 

Farneback, Lucas-Kanade, and Horn-Schunck 
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To evaluate the consistency of the tracking system, each translational and rotational movement was 
performed three times. For each movement type, the mean accuracy and standard deviation were calculated, as 
summarized in Table 3. Confidence intervals were then computed using the formula: Mean ± t0.975, df=2⋅𝑆𝑆𝑆𝑆

√3
 , where 

t=4.303 for df=2, with n=3 runs conducted per movement. 

Table 3 Mean accuracy and standard deviation for movement tracking 
Movement Type Mean Accuracy (%) Standard Deviation (%) 

Translational 94.43 1.28 
Rotational 64.80 4.15 

 
The low variability observed in translational accuracy indicates that the system performs consistently when 

detecting distance-based movements. In contrast, the greater variation in rotational tracking highlights 
limitations in the current approach to estimating direction, suggesting that further improvements in orientation 
detection are needed. 

 
 

 
Fig. 9 The illustration the mode data during pixel displacement 

 
Fig. 9 illustrates why the tracking system performs well in detecting distance but faces challenges in detecting 

direction. Distance estimation uses maximum data values, which capture the strongest displacement and ensure 
accurate results. In contrast, direction estimation relies on mode data values, selecting the most frequent 
displacement direction among pixels. As shown in the figure, blue arrows represent the correct direction, while 
red arrows indicate incorrect ones. If the majority of detected displacements are incorrect (red arrows), the mode-
based approach will mistakenly select them as the final direction. Fig. 10 shows the actual arrow positions during 
image processing, captured prior to data filtering and further refinement, highlighting the noisy nature of the raw 
orientation data. 

 
 

 

Fig. 10 The vectors generated by the optical flow algorithm 
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(a) 

 

 
(b) 

Fig. 11 Tracking accuracy results during (a) 3L; and (b) 6L movements 

Fig. 11 shows the tracking accuracy results for movements 3L and 6L. Both movements had frames with zero 
displacement values, indicating no measurable movement at those points. For 3L, no displacement was recorded 
in the fourth frame, even though markers were detected in all frames during preprocessing. This happened 
because the pixel displacement in that frame was below the high-pass filter threshold of 0.25 mm, so it was 
excluded from the recorded data. The same issue occurred in the second and sixth frames of the 6L movement. 

The GFAM settings from Table 2 were used: pyramid level = 1, pyramid scale = 0.5, iterations = 3, 
neighborhood size = 5, and filter size = 15. With these settings, translational tracking accuracy reached 94.43%, 
while orientation accuracy was lower at 64.80%. The lower orientation accuracy is likely due to the hand-painted 
markers, which lacked clear directional features for optical flow estimation. 

This level of orientation accuracy may still be acceptable for early-stage endovascular training, where exact 
angular control is not critical. For more advanced simulations, improvements are needed. Markers with 
asymmetrical or directional patterns (such as arrows or fiducial shapes) could provide clearer cues. Using printed 
or laser-made markers would also ensure more consistent patterns. On the image-processing side, adding 
methods like contrast enhancement, better segmentation, or learning-based direction estimation could help make 
orientation tracking more reliable in future versions. 

4. Conclusions 
Estimating the motion of a guidewire inside a catheter is challenging because visibility is lost and there is no tactile 
feedback. To address this, a tracking system was developed using image processing techniques, specifically the 
Gunnar Farneback Algorithm Method (GFAM). Markers were applied to the surface of the guidewire to improve 
tracking performance. GFAM works by using polynomial expansion equations to calculate pixel movements in 
consecutive frames, producing magnitude and orientation data. The magnitude data is used to estimate the 
distance of guidewire movement, while the orientation data is used to estimate its direction. 
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The results show that the tracking system performs well in estimating guidewire movement. The magnitude 
data achieved high accuracy for distance measurement, whereas the orientation data could determine the 
movement direction but with lower accuracy. This difference is mainly due to the irregular shape of the guidewire 
and the manually applied markers, which sometimes reduced the consistency of directional cues during optical 
flow estimation. 

Although this limitation exists, the findings suggest that the system can still provide reliable motion 
estimation for early-stage endovascular training. Future improvements could involve refining the marker design 
with asymmetric or direction-specific patterns and using printed or manufactured markers instead of hand-
painted ones. These changes could enhance the accuracy of orientation tracking. Overall, the developed system 
demonstrates its capability to estimate the motion of a catheter-occluded guidewire effectively within the context 
of endovascular intervention 
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